We provide evidence using data from the G7 countries suggesting that return dispersion may serve as an economic state variable in that it reliably predicts time-variation in economic activity, market returns, the value and momentum premia and market volatility. A relatively high return dispersion predicts a deterioration in business conditions, a higher value premium, a smaller momentum premium and lower market returns. The evidence is robust to alternative specifications of return dispersion and is not driven by US data. Return dispersion conveys incremental information relative to idiosyncratic risk.
Introduction
Stock market return dispersion (RD) -defined as the cross sectional standard deviation of returns from either individual stocks or from disaggregate stock portfolios -provides a timely, easy to calculate at any time frequency, model-free measure of volatility. It measures the extent to which stocks move together or are diverging and has been used by both finance academics and practitioners to measure trends in aggregate idiosyncratic volatility, 1 investors' herding behaviour, 2 micro-economic uncertainty, 3 trends in global stock market correlations, 4 as an indicator of potential alpha and a proxy for active risk, 5 and as a leading countercyclical state variable. 6 We provide comprehensive evidence across seven major equity markets suggesting that RD has significant predictive power for the business cycle, stock returns, the value and momentum premia, and market volatility.
RD is an instantaneous measure of aggregate volatility calculated from returns without the need for specifying a particular factor model that drives stock returns. Cross sectional measures of volatility are closely related with time-series based measures of volatility (see among others Santa-Clara, 2003, and Garcia, Mantilla-Garcia and Martellini, 2014) .
Our study focuses on RD formed from monthly individual stock returns or from disaggregate stock portfolios, both value-weighted and equal-weighted. The first contribution is to study in depth the properties of RD across the G7 countries adding to the evidence from the US market. 7 In particular we are interested in the commonality of its behaviour across countries. Our evidence suggests that country RD is strongly positively correlated across markets with a common factor driving return dispersion across the G7 countries. The significance of the common factor has increased during the last decades.
Interest in RD among academics and practitioners has further increased since it was realised that it could be a proxy of future economic conditions and a predictor of the business cycle. Figure 1 depicts the time-series history of country RDs against recession dates for the period 1980-2012 for the G7 countries. Figure 1 shows evidence that RD follows a business-cycle pattern being low during expansions and high during recessions.
Stock market dispersion as a measure of the intensity of structural shocks to the economy was first used by Loungani, Rush and Tave (1990) following a conjecture by Black (1987 Black ( , 1995 . More recently, Bloom (2009) and Bloom, Floetotto, Jaimovich, Saporta-Eksten and Terry (2012) have argued that uncertainty shocks are an important driver of business cycles. Chen, Kannan, Loungani and Trehan (2011) find that return dispersion has a strong effect on long duration unemployment. Garcia, Mantilla-Garcia and Martellini (2014) argue that return dispersion is related to consumption volatility, a measure of economic uncertainty in the inter-temporal asset pricing model of Bansal and Yaron (2004) . The second contribution of our paper is a study of the relation between RD and future economic conditions. Our evidence suggests that, after controlling for financial and economic variables known to predict the economy, RD is a strong predictor of the business cycle and economic growth. A higher return dispersion over the last three months indicates a higher probability that the economy will be in a recession in the current month. Higher RD is associated with an increase in unemployment and a fall in future economic activity.
There is now a rich empirical literature on the predictive ability of non-market measures of volatility like idiosyncratic or average volatility or RD for future stock market returns. Goyal and Santa-Clara (2003) present evidence suggesting that there is a positive relation between average variance and future stock returns. Subsequently published papers by Bali, Cakici and Levy (2008) and Wei and Zhang (2005) argue that the Goyal and Santa-Clara (2003) findings are sample specific and not robust to the definitions of average variance. Pollet and Wilson (2010) and Chen and Petkova (2012) find a negative relation between stock returns and past average volatility.
Evidence on the relation between RD and multiple horizon returns are provided in Maio (2014) . Using monthly portfolio returns to measure RD, Maio (2014) finds a negative and statistically significant relation for the US market. The negative relation between RD and future returns is consistent with the evidence in Guo and Savickas (2008) for the G7 countries using idiosyncratic volatility instead of RD. Garcia, Mantilla-Garcia and Martellini (2014) , using a measure of RD based on the average of daily RDs, find a positive relation between RD and subsequent monthly and daily US market returns. The evidence on the predictive ability of RD, mainly from the US market, remains controversial and calls for further study across different markets. Stivers and Sun (2010) provide a direct test of the ability of RD to predict value and momentum premia. Using US stock market data for the period 1965-2005, they find that RD is positively related with the value premium and negatively related with the momentum premium. They conjecture that RD is "a leading countercyclical variable" which varies with the state of the economy, evidence consistent with the hypothesis that RD might be informative about changes in the investment opportunity set. We test whether RD can predict market returns and the value, size and momentum premia at a twelve-month horizon. Our evidence suggests that return dispersion observed at time t predicts future twelve-month market returns and the value and momentum premia. The predictive ability of RD remains intact when we control for other variables that predict stock returns and factor premia. Dispersion is a statistically and economically significant predictor of future market and factor returns.
The evidence on the ability of RD to predict future stock returns and factor premia is consistent with the view that return dispersion is a state variable in the spirit of Merton's (1973) intertemporal CAPM. Chen (2003) extends Campbell's (1996) version of the ICAPM to include, in addition to time-varying returns, time-varying volatility as descriptors of the investment opportunity set. If RD is a state variable it should forecast returns or volatility. We test this conjecture and find that RD is an important predictor of future market volatility.
We implement several robustness tests to examine the sensitivity of our results to (i) different sample periods (ii) alternative RD construction methodologies and (iii) the exclusion of the US from our database. We provide evidence suggesting that our results are not sample specific, are robust to different measures of RD and remain intact when the US is excluded from the data.
In the last part of the paper we examine the differences between RD and aggregate idiosyncratic risk in light of Garcia, Mantilla-Garcia, and Martellini's (2014) finding that idiosyncratic volatility and RD are highly correlated. We find that both measures are related to subsequent economic conditions and future market returns and factor premia. When we include both in the predictive regressions of factor and market returns we find that RD drives out the predictive power of idiosyncratic volatility.
The rest of this paper is organised as follows. Section 2 presents the data and summary statistics and examines if there is a common factor that affects return dispersion in G7 markets. Section 3 provides evidence on the predictive ability of RD for future economic activity and the business cycle, market and factor returns and market volatility. In Section 4 we assess the robustness of our findings over different samples, different RD measures and the exclusion of US data. Section 5 explores the information content of RD and idiosyncratic risk. Section 6 concludes the paper.
Data and Dispersion Measures
The data set is obtained from Thomson DataStream and covers all stocks (dead or alive) from July 30, 1980 to December 31, 2012 (390 monthly observations) in the G7 markets: Canada, France, Germany, Italy, Japan, the UK, and the US. Returns are calculated in US dollars. Following Ince and Porter (2006) , Hou, Karolyi and Kho (2011) , Guo and Savickas (2008) , and Busse, Goyal and Wahal (2013) we impose various filters to minimise the risk of data errors and to account for potential peculiarities of the dataset (see Appendix A for details).
We calculate for each market the monthly cross sectional variance at time t (CSV t ) using the following equation:
( 1) where r it is the return of stock i in month t, r mt is the return of the value-weighted market portfolio in month t, N is the number of stocks and w it is defined as for the equally-weighted cross sectional variance (CSV ewt ) and as , for the market capitalisation weighted cross sectional variance (CSV, cwt ). Return dispersion equals . We construct country and world based dispersion measures by using stock returns from the country and world universes, respectively.
Following Stivers and Sun (2010) and Maio (2014) we create an equally-weighted measure of dispersion based on 100 portfolios formed using all stocks from the G7 stock markets. We also calculate a capitalisation-weighted measure of portfolio-based RD. In particular at the end of each June, we sort all stocks in 100 portfolios based on market capitalisation and on the ratio of book equity to market equity. The portfolios are the intersections of 10 portfolios formed on market capitalisation and 10 portfolios formed on the ratio of book equity to market equity. We calculate the value-weighted monthly portfolio returns and then calculate equally and capitalisation-weighted dispersion. Using portfolios instead of stocks to measure dispersion avoids the influence of extreme individual stock returns and therefore provides a less noisy measure of return dispersion than measures based on individual stock returns. Stivers and Sun (2010) argue that portfolio based measures of dispersion perform similarly but generally better than firm level dispersion measures.
We closely follow the methodology used by Fama and French (1992) to construct the style portfolios. At the end of June we sort all stocks in a country based on their market capitalisation and their book value per share to form the SMB and HML portfolios. We set as missing negatives or zero values of book value per share. The fiscal year ending in year t−1 is matched with the returns and the market capitalisation of year t and hence there is no looking ahead bias in our dataset. At the end of June of each year, we form the six portfolios of Fama and French (1993) and calculate the value-weighted monthly returns over the next 12 months. To create the SMB factor we use the median of the market value, while for the book to market factor (HML) we set the breakpoints of the BM ratio at the 30th and 70th percentiles. Finally, we calculate the momentum factor (MOM) for month t as the cumulative monthly returns for t−1 to t−12. Combined with the market capitalisation we construct every month six value-weighted portfolios to form the momentum factor by using the median of the market value and the 30th and 70th percentiles of the momentum. Panels A and B of ), world ( ) and portfolio ( ) measures of dispersion. All measures are calculated as a 3-month average of monthly cross sectional return dispersion to mitigate the possible effect of large outliers as in Stivers and Sun (2010) and Maio (2014) .
Descriptive statistics
The average equally-weighted country-based monthly return dispersion equals 8.50% and ranges from 6.98% (Italy) to 11.19% (Canada). The average world equally-weighted dispersion at 9.64% is generally higher but less volatile than country dispersion measures. Capitalisation-weighted country dispersion measures are generally lower than equally-weighted dispersion measures (averaging 6.66% across countries) reflecting the larger weighting of the less volatile large cap stocks. Average capitalisationweighted world dispersion has a smaller mean (7.64%) and lower volatility (1.84%) than the respective equally-weighted dispersion. Portfolio based measures of dispersion are much lower than stock based measures reflecting the lower volatility of portfolios due to diversification of idiosyncratic risk. All RD measures are non-normally distributed exhibiting positive skewness and excess kurtosis. Table 2 presents the correlations of return dispersion across the G7 countries, the world and portfolio based measures of RD. The average correlation of measures across the G7 countries is 0.59, the highest correlation is between France and Germany (0.82) and the lowest between Italy and Japan (0.28). Capitalisation-based country RD measures are more correlated than equally-weighted measures with the average correlation across countries equal to 0.69. The highest correlation pair is US and Canada (0.89) and the lowest correlation pair is Japan and Italy (0.43). The high correlation between country RD measures suggests that periods of high correlation in one market are associated with high risk in other markets. The high correlations also suggest that country RD measures share one or more common factors, an issue that is further investigated in section 2.3.
Correlation structure of return dispersion measures.
The average correlation between country based RD measures and world dispersion is 0.76. has the highest correlation with the US (0.93) and the lowest with Italy (0.50). Excluding US stocks from the calculation of leaves the average correlation between the world and country RDs unchanged. Capitalisation-weighted measures of RD produce slightly higher correlations between world and country based measures (0.78 when US stocks are included and 0.75 when US stocks are excluded). The strong correlations between country and world RD is consistent with the presence of a world factor in country dispersions.
Return dispersion measures based on world portfolios have lower correlation with country-based measures. For the equally (capitalisation) weighted measures the average correlation is equal to 0.52 (0.40). Correlations are higher with world RD measures (0.73 for the equally-weighted and 0.68 with the capitalisation-weighted), a finding suggesting the presence of common factors across all measures of RD.
Commonality in return dispersion measures
To investigate further the commonality in RD measures, we perform principal component analysis of country RD. We find that the first principal component explains, for the equally (capitalisation) weighted measures, approximately 66.07% (73.88%) of the variation of the cross sectional return variance. The first principal component has significant loadings to country RD measures, suggesting that perhaps the world RD might be a good proxy for it. Indeed the correlation between the first principal component and world RD is 0.95 (0.92). The second principal component explains 11.09% (8.56%) of the RD variability. We also perform a subsample analysis to examine the per period importance of the first component. We split the sample in two periods : 1980-1996, and 1997-2012 . For the first and the second period the explanatory power of the first component equals 32.89% (40.80%), and 74.52% (84.59%), respectively suggesting that the importance of the common global factor has increased over time. 8 8 To examine further the impact of the global return dispersion factor on individual country cross sectional return variation, we modify the methodology used by Brockman, Chung, and Perignon (2009) in their study of a common global liquidity factor in exchange-level liquidity. Specifically, we estimate the equation:
, where RDc,t and ACc,t are the return dispersion and average stock correlation of country C, RDG,t is the world return dispersion (equally or capitalisation weighted) excluding country C. We calculate the average correlation using all stocks in a market at time t defined as . We find that β 1 equals 0.468 (t-statistic of 6.33) and hence an increase of the global factor affects positively country RD. The explanatory power of the model increased over time (from 23.58% to 68.84%). Bekaert, Hodrick, and Zhang (2012) find a similar increase in the correlation of asset specific risk of G7 countries with the US. The evidence suggests that global return dispersion drives country cross-sectional variation. The increased importance of global RD over the last three decades is consistent with greater economic and financial integration. The detailed results are available upon request from the authors.
The Forecasting Ability of Return Dispersion
In this section we investigate the forecasting power of return dispersion for business conditions and the market, size, value and momentum premia and market volatility. The forecasting regression is: Y t = α + βX t-1 −1+ε t , where Y t is for the state of the economy the business cycle dummy, unemployment or the ADS business conditions index. 9 For the return and premia forecasting equation Y t is the 12-month market return or the size, value or momentum premia. 10 X t−1 includes RD, and a set of control variables found in past research to forecast the future state of the economy, market volatility, market return and factor premia. We use world equally-and capitalisationweighted RD as the main measures of dispersion and examine in Section 4 the robustness of the results to alternative measures.
RD as a predictor of the state of the economy
Existing literature on the relation between stock market volatility and future macroeconomic developments has focused on the question of what macro variables predict future volatility. 11 The ability of volatility, market or idiosyncratic, to predict future economic conditions has received less attention. Lilien (1982) provides a theoretical link between RD and unemployment. According to Lilien (1982) cyclical variation in unemployment is the result of shocks to individual sectors that in turn cause reallocation of labour across sectors. Since job search is time consuming, sectoral shifts due to an adverse shock tend to be accompanied by a rise in unemployment. Bloom (2009) and Bloom, Floetotto, Jaimovich, Saporta-Eksten and Terry (2012) argue that uncertainty shocks lead the business cycle as they cause a reduction in the reallocation of labour and capital, lower productivity and a significant fall in economic activity. They use dispersion and market volatility to measure time varying micro and macro uncertainty, respectively. Chen, Kannan, Loungani and Trehan (2011) find that an increase in market volatility is associated with an increase in short duration unemployment. Dispersion on the other hand, has a strong effect on long duration unemployment. Garcia, Mantilla-Garcia and Martellini (2014) show that return dispersion is countercyclical (low economic growth coincides with high cross-sectional volatility) and is linked with variables that are known to predict future stock returns. They find a positive relation between dispersion and consumption volatility and a negative relation with inflation volatility.
In this section we provide evidence on whether RD provides incremental information about future economic activity for the economies of the G7 countries. We measure the state of the economy using three variables: a business cycle dummy (1=recession, 0=expansion) for each of the G7 countries provided by the Economic Cycle Research Institute, 12 the monthly ADS business conditions index which is designed to track real business conditions and the unemployment rate (UE). To ensure that RD conveys additional information we control for the information content of other economic variables found in the literature to predict economic activity. The set of control variables includes: 13 short-term nominal interest rate INT); market return (Mkt); average correlation (AC); the term spread (TS) defined as the difference between the ten-year treasury constant maturity rate and the three-month T-Bill rate; the dividend yield (DY) on the value-weighted stock index and the unemployment rate (UE). The data are taken from DataStream. Italy and France are not included in the estimation due to the unavailability of the monthly unemployment rate for the whole period. 7 9 -For more information on the ADS business index, the reader is referred to the work of Aruoba, Diebold and Scotti (2009) . The sample period for the ADS equation ends on December 2009 because the data for the G7 countries are not available after 2009. 10 -We focus on a yearly forecasting horizon following the evidence in Maio (2014) showing that the predicting ability of RD is stronger for holding periods greater than one or six months. Using monthly data we also find consistent but generally weaker results compared to annual returns. 11 - Schwert (1989) , Hamilton and Lin (1996) , Engle and Rangel (2008) and Adrian and Rosenberg (2008) (2010) argument that average correlation is a better proxy for aggregate risk. Another advantage of using average correlation as a proxy for aggregate risk in the predictive regression is that it avoids possible multicollinearity issues arising from the high correlation between RD and market volatility. We calculate AC as a 3-month average of monthly average correlation. dUE t is the growth in unemployment rate and is calculated as .
We investigate the forecasting ability of RD by estimating the following panel regressions:
The panel model for equations 2, 3 and 4 uses country dummies and clusters the standard errors by country, allowing for observations from the same country in different years to be correlated. 14 For equations 3 and 4 we also adjust the standard errors by using the Newey-West procedure (Newey and West, 1987) modified for use in a panel data set. Table 3 presents the estimation results of equations 2-4 for the business cycle, ADS business conditions index and the unemployment rate. Control variables are included in all regressions but for brevity we do not show coefficient estimates in Table 3 . Using all countries in a pooled regression we find a positive and statistically significant relation between the business cycle dummy and equally-weighted world dispersion. A higher world dispersion over the last three months indicates a higher probability that the economy will be in a recession for the current month. Using the ADS business condition as a proxy for economic activity we also get a strong and statistically significant relation with return dispersion (see coefficient estimates in column 4 of Table 3 ). A higher return dispersion is followed by worsening business conditions. The unemployment rate is negatively related with the state of the economy. If return dispersion is a countercyclical variable it should be positively associated with the unemployment rate. The coefficient of the world return dispersion measure is 0.200 and statistically significantly different from zero (t-statistic 5.319). Capitalisation-weighted world return dispersion produces very similar coefficients estimates and t-statistics for the all proxies of economic activity and the business cycle.
The evidence on the predictive ability of return dispersion are consistent with previous evidence from the US market. It is possible that the observed relationship found when pooling information across countries is driven by US data. To assess the sensitivity of the estimation results to the inclusion of the US data we re-estimate equations 2-4 excluding the US from the full panel of countries 15 and show the results in rows 4-6 of Table 3 . Excluding the US could be regarded as an out-of-sample test of the empirical evidence reported for the US market. Excluding the US produces coefficient estimates for world return dispersion that are very similar to estimates that include data from the US. With the exception of the ADS business conditions index, the t-statistics suggest similar significance levels. Use the capitalisation-weighted measure of world return dispersion produces similar results. Table 3 also shows evidence on the pervasiveness of the ability of world return dispersion to predict the state of economy by looking at the country by country evidence. For the business cycle dummy the relation between the state of the economy and equally-weighted world dispersion is positive and statistically different from zero for four of the five countries. For the capitalisation-weighted measure of world return dispersion the number of countries with statistically significant coefficients is three. The only exception to the positive relation between dispersion and the business cycle dummy is the UK for which the estimated coefficient is negative.
For the ADS business condition index and for three of the five countries (the exceptions are Canada and Germany) the estimated coefficient is negative but statistically significant only for the US. The insignificance of dispersion in the panel that excludes the US suggests that for this variable the full panel results are driven primarily by US data.
World return dispersion (equally-or capitalisation-weighted) is positive and statistically significantly related with unemployment rate for four of the five countries (the exception is Germany).
To summarise, Table 3 provides strong evidence that world return dispersion helps forecast economic activity and the business cycle. The ability of RD to predict future economic developments remains intact when we control for the information content of other variables found in the literature to predict the business cycle. The relation between world return dispersion and the economy is pervasive across countries and remain significant when the US is excluded from the sample.
Does return dispersion forecast market returns and factor pay-offs?
The evidence in the previous section suggests that RD is a pervasive financial variable and potentially a proxy for risk factors omitted from the single factor CAPM. A relative higher RD signals a deterioration of future economic activity and an increased probability that the economy enters a recession. It is also well accepted in the finance literature that market and factor premia are time-varying and dependent on the state of the economy. 16 The evidence from the cyclical nature of RD and the time-varying behaviour of market and factor premia jointly suggest that RD might be a good predictor of future returns and factor premia. Guo and Savickas (2008) and Maio (2014) find a negative and statistically significant relation between idiosyncratic volatility and RD and subsequent US market returns. In contrast, Garcia, Mantilla-Garcia and Martellini (2014) document a positive relation between RD and the US stock market. Stivers and Sun (2010) provide a direct test of the ability of RD to predict value and momentum premia. Using US stock market data for the period 1965-2005 they find that RD is positively related with the value premium and negatively related with the momentum premium. They conjecture that RD is "a leading countercyclical variable" which varies with the state of the economy.
In this section we extend the work of Stivers and Sun (2010), Garcia, Mantilla-Garcia and Martellini (2014) and Maio (2014) to provide new evidence for the predictive ability of RD for market returns and the size, value and momentum premia for the stock markets of the G7 countries. Pooling data from all countries produces more efficient coefficient estimates whilst the use of data from major markets outside the US minimises the effects of data snooping and provides an independent assessment of the available empirical evidence.
More specifically, we estimate the following panel regressions at annual frequencies to investigate the predictive ability of RD:
where Mkt t+11 is the pay-off of the market index over holding-period months t to t +11 HML t+11 is the pay-off of the HML factor over holding-period months t to t+11, SMB t+11 is the pay-off of the SMB factor over holding-period months t to t +11, MOM t+11 +11 is the pay-off of the MOM factor over holding-period months t to t +11.
We regress long-horizon returns on RD and other control variables observed monthly. Overlapping returns induces by construction a strong autocorrelation pattern to the dependent variable. Using standard inference techniques in regressions involving overlapping dependent variables leads to misleading estimates of the coefficient standard errors and statistical inference. Britten-Jones, Neuberger and Nolte (2011) propose a method to overcome this problem by transforming the variables onto non-overlapping series. They show that the coefficients of the two regressions (overlapping vs. non-overlapping) are identical and through Monte Carlo analysis they demonstrate that their method produce more accurate standard errors than the conventional adjustments for regressions with overlapping observations (White, 1980, and Newey and West, 1987) . Therefore, in order to estimate the long-horizon (n=11) equations, we first transform the variables into their non-overlapping counterparts and then we estimate equations 5, 6, 7, and 8 as panel regressions using the methodology developed by Petersen (2009). By pooling data across countries we find a negative and statistically significant relation between equally-weighted world dispersion and subsequent market returns.
Excluding the US from the panel data does not affect the coefficient estimate and its statistical significance. The estimated coefficients of return dispersion are negative across all countries and statistically significant for Germany and Italy. The results are robust to the use of the capitalisation weighted measure of world return dispersion (the estimated coefficients of RD are significant for France, Germany and Italy).
The negative relation between RD and subsequent market is robust to the investment horizon. When we use a monthly horizon to re-estimate equation 5, we find a strong negative relation between market returns and the equally (coefficient -0.146, t-statistic -2.303) and capitalisation (coefficient -0.167, t-statistic -2.544) weighted RD. The evidence are consistent with results of Guo and Savickas (2008) and Maio (2014) but contradicts the evidence presented in Garcia, MantillaGarcia and Martellini (2014) for the US market. Garcia, Mantilla-Garcia and Martellini (2014) use a monthly RD measure calculated as the monthly average of daily RD, to predict monthly market returns and find a positive but insignificant relation with capitalisation weighted market return. They find a significantly positive relation between daily market returns and RD. The contradictory results reported in Garcia, Mantilla-Garcia and Martellini (2014) compared to the evidence in this paper and Maio (2014) might reflect the use of daily rather than monthly return data used to calculate RD. The use of daily data to calculate RD could introduce a microstructure bias driven by the bid-ask spread. Lesmond (2011) and Han, Hu and Lesmond (2014) show that due to the bid-ask bounce in daily returns, estimates of volatility based on daily data will be biased and could lead to misleading inferences.
A higher world dispersion is associated with better performance of value-versus-growth strategy over the subsequent year. The coefficient of world dispersion is positive and statistically different from zero for panels including and excluding the US. The relation is consistently positive across all countries and dispersion measures. For both the equally-and capitalisation-weighted measure of world dispersion the coefficients are statistically significant for four of the seven countries.
Using the full panel of countries we find a negative relation between world dispersion and the momentum premium. A higher world dispersion is associated with weaker performance for a momentum strategy over the subsequent year. Excluding the US from the panel makes little difference to the estimates. The relation is negative across countries and statistically significant (at the 10% level) for three of the seven countries (four out of seven when the capitalisationweighted measure of dispersion is used). The evidence is consistent with the results reported in Stivers and Sun (2013) for the US market. They study the relation between lagged RD and relative strength market strategies and provide evidence in favour of the view that the relation is negative for both medium-run and long-run strategies.
Finally, we find no relation between the size premium and equally-weighted world dispersion with panel data including and excluding the US. Looking at individual country results we find a negative but statistically insignificant relation for five countries, a positive relation for the UK and a positive and statistically significant coefficient for the US. Similar results are obtained with the capitalisation-weighted measure of return dispersion.
The relation between the world return dispersion and market returns and factor premia is economically significant. A one standard deviation increase of world return dispersion is associated with a -3.73% (-1.741 x 0.214) decrease in market returns, a 3.53% (1.650 x 0.214) increase in the value premium and a -3.85% (-1.800 x 0.214) fall in the momentum premium.
The evidence on the relation between dispersion and market returns and the value premium are consistent with the evidence in Guo and Savickas (2008) who argue that idiosyncratic volatility, a volatility measure correlated with dispersion, is a proxy for changes in the investment opportunity set. For the G7 countries they find a negative relation between idiosyncratic volatility and market returns (statistically significant for two of the seven countries) and positively related to the value premium (statistically significant for four of the seven countries). 17 We examine in Section 5 whether dispersion is a better measure of the opportunity set than idiosyncratic volatility. Guo and Savickas (2008) and Maio (2014) find that the information content in idiosyncratic volatility (Guo and Savickas) and RD (Maio) is more reliable when also controlling for the realised market volatility. To examine whether the relation between RD and subsequent market returns and premia strengthens when we use data from the G7 countries, we replace average correlation (AC) with market volatility 18 and re-estimate equations 5 to 8. In the presence of market volatility the coefficient of equally-weighted RD remains statistically significant and marginally stronger compared with RD coefficient estimated when market volatility is not included in the predictive regressions. In particular, the coefficient of RD when predicting market returns is reduced from -1.721 (t-statistic -3.056) when market volatility is not included in the regression, to -1.916 (t-statistic -3.167) when market volatility is one of the control variables. Similar to the evidence reported in Guo and Savickas (2008) we find that the coefficient of market volatility becomes positive from negative when we include both volatility variables in the regression. Controlling for market volatility strengthens the coefficient of RD for the value premium (from 1.712 to 1.779) but weakens the coefficient for the momentum premium (from -1.614 to -0.688). We obtain similar results when we use the portfolio based measure of RD.
In summary, a higher world return dispersion is followed by lower market returns, a smaller momentum premium and a higher value premium. The relation between dispersion and the size premium is weak and insignificant across countries. These findings are robust to the exclusion of the US from the panel and the weighting scheme used to calculate world return dispersion.
RD as a predictor of market volatility.
The evidence presented in Section 3.2 suggests that RD forecasts changes in future returns. Is RD a predictor of changes in market volatility? We test this hypothesis by estimating the following panel regression using data from the G7 countries:
where MV t is the 3-month moving average of market volatility in month t and the other variables as described in the previous section. The results presented in Table 5 suggest that return dispersion is an important predictor of future market volatility. The full panel results suggest a positive and statistically significant relation between world RD and world market volatility. The results are robust to the exclusion of the US from the full panel of countries. The evidence are pervasive across countries with positive and significant estimates for all countries in the sample. Our findings are consistent with the evidence presented in Stivers (2003) and Connolly and Stivers (2006) who find a positive relation between US monthly and daily return dispersion and stock market volatility. Our findings add to the existing evidence using data from the G7 countries and are consistent with the hypothesis that RD is a state variable proxying for changes in future expected returns and aggregate volatility.
Sub-sample Analysis and Alternative Return Dispersion Measures
In this section we examine the robustness of the evidence on the predictive ability of world RD for the economy and factor returns over sub-samples and alternative measures of return dispersion.
We split the sample in two periods : 1980-1996 and 1997-2012 . Table 6 shows estimation results for the economy proxies, factor returns and market volatility in the two sub-samples. In the first sub-sample the relation between the business cycle dummy and RD is positive but statistically significant only for the equally-weighted measure of dispersion. The relation between the ADS business conditions index and RD is negative and consistent with the full sample results and statistically significant for the equally weighted measure of RD. For unemployment, the relation is positive and statistically significant only for the equally-weighted measure of RD. In the second period, the estimates are consistent with the full sample estimates and both world RD measures (with the exception of the ADS business condition index and equally weighted world RD where the coefficient is negative but not statistically significant).
Panel B shows coefficient estimates for world RD for the market and the three factor premia. For the market portfolio the relation between word RD and market returns is consistently negative and statistically significant across both sub-period and measures of dispersion. For the value premium the coefficient estimates are positive in both periods but statistically significant only in the later period. For the momentum premium, the coefficient of world RD is consistently negative and statistically significant across both periods and measures of world RD.
Overall the evidence for both economic and factor returns suggest consistent but weaker relationships in the first sub-period compared with the second sub-sample. The stronger relationships observed in the later period are consistent with the increase in the importance of the common factor in country return dispersion measures discussed in Section 2. The second subperiod coincides with increased economic and financial integration and increased relevance of a common factor driving economic growth and real interest rates. 19 In Table 7 we show estimation results using alternative measures of return dispersion. The first set of alternative measures of return dispersion are the equally-and capitalisation-weighted measures of country return dispersions, based on monthly individual stock return data. For the second alternative of world measure we follow Stivers and Sun (2010) and Maio (2014) to create a world dispersion measure based on the return dispersion of 100 portfolios sorted on size and book to market using all stocks in our database. Portfolio level return dispersion may be less noisy than firm level return dispersion. Using portfolios than individual stocks reduces the influence of extreme individual returns. Stivers and Sun (2010) note that portfolio level returns dispersion performs similarly but generally better than firm level dispersion metrics.
The results presented in Tables 3, 4 , and 5 are robust to the use of individual country return dispersion measures. Coefficient estimates in Table 7 , panels A, B and C (columns 2 and 4), are similar to estimated based on world RD for the economic variables, market return and factor premia and market volatility. The lower explanatory power of regressions and the generally lower t-statistics for the coefficient estimates using country RD measures for both the economy and premia sets of variables suggests that world RD is a better measure of return dispersion. Results from using a world dispersion measure based on portfolio rather than individual stock returns are in columns 3 and 5 of Table 7 . Consistent with evidence based on the world RD measure based on individual stocks, a relatively higher portfolio RD indicates a higher probability that the economy will be in recession, is negatively related with the ADS business conditions index and positively associated with unemployment. A higher RD is followed by a positive value premium, a negative momentum premium, a lower market return and higher future market volatility. Comparing the predictive power of portfolio based RD with stock based world RD we find that it performs marginally better (has more predictive power) for market returns and the factor premia but has lower power in the prediction of economic variables and market volatility.
Are the results presented earlier sensitive to the exclusion of US stocks from the world RD measures? To answer this question we construct equally-and capitalisation-weighted world RD measures using data from the six remaining countries. Table 8 shows that the predictive ability of RD for the economy, risk premia and market volatility is robust to measures of RD that exclude US stocks.
Return Dispersion and Idiosyncratic Volatility
Stivers (2003) and Garcia, Mantilla-Garcia and Martellini (2014) show that return dispersion is related to idiosyncratic and market volatility. Stivers (2003) show that , where is the cross-sectional variance of betas and is the idiosyncratic variance. Garcia, Mantilla-Garcia and Martellini (2014) generalise the formula and prove that: (10) where is the cross sectional variance of stock betas, is the specific variance of stock i, and is the square return of the factors at time t.
We calculate monthly idiosyncratic volatilities (IV) in month t as: (11) where w it is either equal to or to the market capitalisation weight of stock i in month t−1, n t is the number of days in month t and ε it is the firm specific return that is estimated every month t from the following regression:
Equation 10 shows that return dispersion is a function of idiosyncratic volatility, the variance of factor returns and the cross sectional variance of stock beta factors. Guo and Savickas (2008) argue that idiosyncratic volatility is a proxy for changes in the investment opportunity set and report evidence based on the G7 countries consistent with the hypothesis that idiosyncratic volatility is a predictor of the market and value premiums.
Garcia, Mantilla -Garcia, and Martellini (2014) show that return dispersion and idiosyncratic risk are highly correlated. In our dataset and for the equally (capitalisation) weighted scheme, the average correlation between world, country, and portfolios based return dispersion and idiosyncratic risk are 0.70 (0.78), 0.86 (0.89) and 0.47 (0.36), respectively. As expected, all measures are positively correlated but the world and the portfolio based measures are less correlated with idiosyncratic risk and hence may not capture the same economic information. In this section we investigate whether return dispersion conveys incremental information relative to idiosyncratic volatility.
To explore the role of dispersion in the presence of idiosyncratic volatility we re-estimate equations 2-9 including idiosyncratic volatility to the list of independent variables. Table 9 shows estimation results for the three equally-weighted dispersion measures (results for capitalisation-weighted dispersion are shown in Table B1 in the appendix). For the main measure of dispersion, world RD (columns 2-3), the estimated coefficients of dispersion for the business cycle variable and unemployment remain statistically significant in the presence of idiosyncratic volatility. For the ADS business conditions index, the coefficient for world RD is insignificant. For the country-based measures of dispersion (columns 4-5) the coefficient for the unemployment rate is statistically significant as is the coefficient for the ADS business conditions index but with the wrong sign. The change in sign when both variables are included in the regression is indicative of multicollinearity (the average correlation across countries for country based dispersion and idiosyncratic volatility is 0.86). When we use the portfolio based world dispersion (columns 6-7) the coefficients for dispersion are not statistically different form zero.
The independent role of dispersion becomes clearer when we look at the market return and factor premia evidence. When we use world RD, the coefficient of idiosyncratic volatility is not different from zero for the value and momentum premia and marginally significant, but with the wrong sign, for the market premium. Country-based measures of dispersion also drive out the significance of idiosyncratic volatility. We get much stronger results for the superiority of dispersion when we use the portfolio based measure of world dispersion. For the market and value and momentum premia we find strongly significant results for dispersion and insignificant coefficient estimates for idiosyncratic volatility. Portfolio based measures of dispersion have more explanatory power than either world RD or country based dispersion.
The evidence in Table 9 suggests that RD has more information than idiosyncratic volatility. This is consistent with equation 10 which shows that RD is the sum of idiosyncratic volatility plus a term equal to the product of market variance times the cross-sectional dispersion of stock betas. From a theoretical perspective, Gomes, Kogan and Zhang (2003) provide a theoretical link between RD, aggregate volatility and the dispersion of stocks betas. In particular, their conditional CAPM suggests that the countercyclical nature of RD is due to the countercyclical behaviour of its components: aggregate volatility and the cross-sectional dispersion of stock betas.
Dispersion and idiosyncratic volatility are both significant predictors of future market volatility. The predictive power of regressions that include only dispersion is less than regressions that include both dispersion and idiosyncratic volatility (compare Tables 5 and 9) indicating that for predicting market volatility both volatility measures are relevant. The empirical evidence in table 9 suggest that dispersion is a better measure than idiosyncratic volatility for the market, value and momentum premia. For the economic variables the evidence is less clear-cut.
Conclusions
Return dispersion is a timely, model-free estimation of risk. Academics and practitioners have used return dispersion as a measure of risk and uncertainty and an advance indicator of business conditions. We provide evidence on the ability of RD to predict changes in the investment opportunity set.
We provide strong evidence suggesting that RD is a good predictor of future economic developments.
In particular, we find that a relatively higher RD is followed by an increase in unemployment, a higher probability that the economy is in recession.
RD observed in time t predicts future twelve-month market returns, value and momentum premia and market volatility. The results are robust across sub-periods, alternative measures of RD and remain intact when the US is excluded from the data.
We find that RD conveys incremental information relative to idiosyncratic volatility. There are two possible explanations for the superiority of RD. First, RD is a better, less noisy market state variable than idiosyncratic volatility. Measures of idiosyncratic volatility require high frequency data which introduce severe biases due to non-synchronous trading and the effect of the bid-ask bounce in trade prices- Lesmond (2011) and Han, Hu and Lesmond (2014) . Microstructure biases could explain the contradictory evidence of a negative relation between RD and future market returns found in this paper and Maio (2014) and the positive relation reported in Garcia, Garcia-Mantilla and Martellini (2014) . Second, RD by construction has more information than idiosyncratic volatility. In particular, in addition to idiosyncratic volatility, RD reflects movements in aggregate stock market volatility and the cross section of stock betas, both countercyclical variables with predictive power for future market returns and factor premia. 
